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Microsimulation based frameworks have become very popular in many research areas including travel demand modeling where activity-based models have been in the center of attention for the past decade. Advanced activity-based models synthesize the entire population of the study region and simulate their activities in a way that they can keep track of agents' resources as well as their spatial location. However, the models that are built for these frameworks do not take into account this information sufficiently. This paper describes the importance of accurate information by analyzing a travel survey and proposes a methodology to generate the actual alternatives that individuals had when making their trips using Google Maps API and RTA's Goroo TripPlanner. The study reveals how some alternative modes' travel information are limited\unavailable in the traditional travel time skim matrix which must be taken in to account in our mode choice models. Also, statistics regarding available alternatives and the constraints people encounter when making a choice are presented and considered accordingly. In order to examine the importance of accurate alternative information for mode choice modeling, two mode choice models are then developed for comparison. One of the models is estimated from the accurate alternative information described in this paper and the other is estimated from the traditional travel time skim matrix obtained from the regional travel demand model. Once the superiority of the proposed method is approved through the comparison, a nested mode choice model encompassing all modes is estimated based on the developed choice set and model significance and goodness-of-fit measures are presented accordingly. 
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Introduction
Traditionally transportation related models were designed to deal with aggregate information or specific market segments; however, with advancement in technology, much more information has become available to researchers as the demand for more policy sensitive models has increased. These advances have made microsimulation frameworks very popular in the past two decades (1-6).
Although Microsimulation frameworks could potentially be sensitive to many important factors, in which modelers and planners have always been interested, they also introduce many challenges and issues that if not taken into account, they could highly bias their outcomes. In the area of regional travel demand modeling, activity-based models have been the center of attention for the past decade and many researchers have proposed and developed different frameworks (1, 7, 8) . These microsimulation frameworks try to replace trip-based four-step approaches, which were highly aggregate, by simulating individuals daily/weekly/monthly activities while conserving many institutional and resource constraints (1) .
In this type of frameworks, census public data is utilized to synthesize the entire population of the study region along with their socio-demographic/economic attributes (8) . For most of the currently developed activity-based models, this information is used during the activity generation and scheduling part and is not carried to the traffic assignment step of the program. However, more advanced frameworks take advantage of this information even during the traffic assignment. The state of the art frameworks have an integrated traffic assignment module that is run concurrently with the activity generation module. The agents have full access to the network information and also availability of resources at each time step so that they could update their decisions accordingly. This level of details is available to all of the sub models within the larger framework.
The traditional frameworks, however, were built mostly for a limited market segment and were not necessarily based on disaggregate and accurate information. They focus on the Traffic Analysis Zones (TAZ) to monitor the aggregate behavior of a city such as land use, commuting patterns, and location of citizens of different categories (9, 10 With this introduction, the purpose of this study is to describe the advantages and importance of accurate data and resource constraints in the models within mode choice of activity-based frameworks. In the following sections, first, a literature review is conducted. Then, the study area and the data are described.
Following that a descriptive analysis of mode choice is presented. Next, the choice set formation methodology including the personalized travel time/cost and resource constraints are described. The study is then followed by the result section that provides models comparison estimated by the new and the traditional choice set formation approaches. Finally, a nested mode choice model for the Chicago metropolitan is estimated using the new choice set formation approach and the goodness-of-fit measures for the mode choice problem is explored.
Literature Review
Travel mode choice behavior in the context of disaggregate models has been extensively investigated over the last decades. Disaggregate mode choice modeling, which is based on individual analysis, entails various unobservable traveler's attitude and perceptions, which affect his/her utilities of activity and mode, and in turn, his/her activity and mode decisions. The majority of studies in this stream have been focused on econometric theory of random utility maximization. It assumes that an individual's choice is determined by the indirect utilities of each alternative and the individual can choose the one that maximizes his/her utility level (11) . For example, Koppelman (12) used a multinomial logit model to predict mode share changes in response to a range of transit service improvements. Later on, a great deal of advances has been done following this line of research. Advanced modelling frameworks including the mixed multinomial logit model and the generalized extreme value (GEV) models (13) have been adopted to investigate travel model choice behavior. Mixed logit models have been applied to model mode choice and to incorporate both observed and unobserved heterogeneities (14) . The assumption of independence from irrelevant alternatives (IIA) has been addressed by a series of studies on nested logit and generalized nested logit models (e.g. 15, 16).
It can be inferred clearly from the literature that individual and household socio-demographics play an important role in travel mode choice decisions. Specifically, gender, income, car ownership, employment status effect travel mode decisions (17, 18) . In addition, (19) (20) (21) showed the prominent influence of residential location, neighborhood type, and urban form in determining the favored travel mode for commute.
Willingness to pay, which is the amount of money that travelers are inclined to pay to reduce their travel time by unit time, is another factor which has been extensively investigated (17, 18) . In more recent research studies (22, 23) , reliability of travel time is also incorporated within the framework to compute the value of travel time.
Another important dimension of mode choice process is definition of choice set for each individual. Some of the recent studies tried to consider choice set heterogeneity by considering varying choice sets. For example, (24) defined a theoretical framework using a two-stage process to account for variable choice sets. The first stage involves the choice set generation and the second stage is a conditional choice model,
given the choice set. However, few studies (25, 26) have applied this framework due to the large number of choice sets and difficulty in estimating probabilities of considering such choice sets empirically (27) .
Study Area and Data
Public transportation in the Metropolitan of Chicago is made available by three major agencies including CTA (with both Bus and Subway fleet) which serves the city of Chicago residents, Pace system which mainly serves intra and inter Suburban trips and finally Metra that provides service to intra and inter suburban trips. Figure 1 depicts the area where each agency serves.
The data used in this study comes from the CMAP Travel Tracker Survey, which is a comprehensive travel, and activity survey conducted by Chicago Metropolitan Agency for Planning (CMAP). The survey was designed for use in a regional travel demand model and was conducted over a 14 months period beginning in January 2007. More than 14,000 households participated in the survey and recorded their activities and travels for one or two days. At the end, more than 218,005 activities were recorded. The survey dataset was analyzed, invalid records were eliminated, and trips and home-based tours were formed and linked to socio-demographic information of individuals. Also, mode choices were defined as the dominant mode of the trip. If the trip had multiples legs, then the dominant mode was selected from the leg with the longest travel time.
It is noteworthy that home-based trips with their origin at-home were selected for these mode choice models since trips that are not home-based are highly associated with their respective home-based origin trip within a tour (A tour is a combination of trips, which starts and ends at home). This means when an individual starts a tour which is comprised of several trips, the mode of the first trip that originates from home highly affects the mode of the later trips. Therefore, the models developed are mainly focused on the trips that start from home. Figure 2 represents the ridership percentage in the greater Chicago area block groups based on the CMAP data. As expected, most of the suburban areas have ridership as low as 5%; however, the city area has ridership as much as 50% or higher in certain block groups. One of the resource constraint parameters in mode choice modeling could be the unavailability of transit which could be inferred from the low ridership in certain areas. In case, transit is not offered for a number of trips in the data, the alternative modes must be restrained accordingly. This issue, which affects the choice set of an individual, is investigated in the following section.
Descriptive Study
Before describing the choice set formation methodology, a comprehensive descriptive analysis was conducted to investigate the important factors in choice set formation. One of the analyses that were conducted was the distribution of modes, when previous mode of a trip was auto-drive In Table 1, trips are categorized into two groups, "return-home" and "others". The table shows that almost all return-home trips and more than 96% of other trips use the same mode as their previous mode (i.e. auto-drive). It is highly possible that if the sub-tours are formed, the rate of auto-drive mode will be higher than 96.5%.
This represents a constraint that individuals encounter when choosing a mode and confirms the expectation that when a transit or auto-drive tour starts, the mode is typically fixed in the tour. This conclusion highly affects the structure of a mode choice model in terms of adopting tour-based approach; a tour-based approach that relies on the mode of the initial home-based trip. However, in other cases like work-based tours, the mode of the non-home-based trips could be different from the initial trip mode.
Since these trips are less frequent in the data, the focus of this study is on home-based mode choice analysis. Another type of constraint that should be taken into account is vehicle availability. In traditional mode choice models, it has been represented by household number of vehicles. Although this question is typically asked in surveys, including CMAP survey, data mining and tracking households' members' activities revealed many cases that the only household vehicle was being used by another household member when the trip started. Therefore, auto-drive should be eliminated from the other household member's choice set. Table 2 represents the mode distribution for individuals with one household vehicle ownership, which was being used by another household member at the time of the corresponding trip.
This information should be incorporated in the model estimation procedure. The other relevant choice set constraint was transit availability. Figure 3 shows the block groups where transit was barely available for the observed trips. The red block groups show that less than 30% of the observed trips had at least one transit alternative at the time when the trips occurred. In other words, the red block groups represent the transit deserts in the Chicago area and could be the target of future transit projects. It was observed that for many observations there are no transit stops or stations close to the origin or destination. Moreover, some transit agencies do not operate around the time and the day when the trip started. The conclusion for both cases is that the transit alternative was not available and it should be eliminated from the estimation choice set. for zone-to-zone travel times (for zones with more than 5 observations) for different modes. As it can be seen, the travel times between zones highly varies and follows a distribution. For example, for CTA, the average error is around 40% while for auto (both for entire day and rush hour) the error is higher. The distributions represented in this graph describe why average travel time skim assumption from a regional travel demand model might not be a reliable approach for alternative mode travel times. The rush-hour distribution shows that travel time reliability decreases for the observed rush hour trips.
Choice Set Formation Methodology
Based on the descriptive analysis presented earlier, this paper proposes a choice set formation methodology that considers two important factors of personalized travel time/cost as well as resource constraints in mode choice modeling.
Personalized Travel Time and Cost
Traditionally when developing a mode choice model, TAZ level travel time skim information for the alternative modes is generated from a regional travel demand model, and average travel times are used to represent zonal travel times. Some modelers have tried to improve this method by using more disaggregate zones, for instances Micro Analysis Zones (MAZs) (28) . However, the use of personalized travel time and cost data can better monitor the individual's travel behavior for the observed trip. For this purpose, a software application was developed to record the observed trips' detail information from
Google Maps API and also RTA's Goroo TripPlanner website. The information included exact point-topoint travel times, available alternative modes, disaggregate access and egress distances, the nearest available transit stations/stops, transfer information, among others.
In order to find transit travel times, Google relies on the information that each transit agency provides in GTFS format. Each transit agency uploads its fleet schedule, route, and fare structure while Google takes advantage of this data to find the best route. The website also offers travelers to choose one of the three transit alternatives: Bus, Subway, and Rail. For this study, all three options were selected and the suggested route information was recorded for the alternative modes of the observed trips. To be consistent with observed mode definitions, the mode of the alternatives was selected based on the longest trip leg.
Furthermore, since all trips legs were known (when more than one transit mode is used), the fare associated with each trip could be exactly calculated, even though each agency has a complicated fare system in terms of transfers, origin and destination station, and age of the travelers. The software was also designed to query the travel times of trips at the same day of week and exact time of the day that the original trips were made. For driving mode, this process was repeated 10 times, and the average was recorded. It is worth mentioning that although travel times in 2014 are not necessarily the same as they were in 2007-2008, when the original trips were made, this approach seems to be an ideal travel time estimation method.
Resource Constraints
As emphasized in the descriptive study section, resource availability in terms of either vehicle or transit was strictly imposed on the choice set formation. A data mining approach was employed to set the vehicle availability for the observed trip. The choice of auto-drive was eliminated for the observed trips for which no vehicle was found available. Furthermore, availability of all transit alternatives was experimented through the Google Map API software developed. All the unavailable transit alternatives were eliminated from the choice set of individuals. These resource constraints can eventually be considered in the activitybased travel demand models due to the disaggregate information that is available in these models.
Model Analysis
In this section, two multinomial logit models are estimated based on the new and the traditional choice set formation approaches and are compared in terms of their significance and goodness-of-fit measures. Then a nested mode choice model for the Chicago metropolitan, which is estimated using the new choice set formation approach, is elaborated.
MNL Models Comparison
As mentioned earlier, the hypothesis was that the new choice set formation would provide a more reliable mode choice model for application compared to the mode choice models developed from traditional choice set formation approach that uses TAZ level travel time skim information without taking into account the resource constraints.
For testing the hypothesis, this section discusses the comparison of two mode choice models estimated from both approaches. In order to compare these two models in terms of both estimation and prediction potential, they are developed based on the same modeling structure. The training sample is an 80% filtered random sample from the CMAP Travel Tracker Survey data, and the remaining 20% is used for the testing sample. Since the TAZ-level travel time skim information provided by CMAP does not specify the type of transit modes, the models are developed using a transit general mode. Even though the modeling structure could affect the prediction performance of the models, being aware of the drawbacks of a Multinomial Logit structure, most importantly the IIA assumption, both models are estimated with Multinomial Logit. However, this assumption does not degenerate the results considering that it is imposed on both models.
The mode choice models developed for this study are estimated on home-based trip observations with home as the trip origin. This eliminates the problem of associated/correlated trips in tours. Explanatory variables that are used to model the choice situation are defined in Table 4 and result of the estimated MNL models are presented in Table 5 . Five different modes are considered for the models including walk, bike, auto-drive, auto-passenger, and transit. A number of key variables were examined to specify the corresponding utility functions. Variables used to specify the utility function of walking mode include age and travel time. For biking, due to the infrequency of data, travel time is the only factor to form the utility function. Auto mode including drive and passenger could be dependent on a number of sociodemographic and economic attributes including gender, income, number of household members, number of vehicles as well as trip characteristics such as origin, destination, activity type, time of day, gas price and day of week. The model shows that female individuals drive more frequently than male ones.
Furthermore, income is a significant factor in increasing the drive mode. Driving to the CBD area during the rush hours is a less frequent drive. Activity type is another factor that affects the mode preference;
shopping activities are more executed with the auto mode. On the other hand, trips for work related activities are less made with the passenger mode. Individuals are more inclined to drive on the weekends; less to use passenger mode. Passenger mode is more probable with higher number of household members and number of vehicles which is intuitive based on vehicle availability for driving as well as the passenger mode. For Transit, Number of transfers, transit access distance, travel time and fare are the negative factors for the ridership while having no vehicles is an implicit factor in increasing the likelihood for transit due to the elimination of auto-drive mode for those individuals.
Even though a wider range of variables could be used in the models, the ones used are selected equivalently in both of the models to keep the inference unbiased. For the goodness of fit of the models, the likelihood ratio index is calculated based on the statistic suggested by McFadden (1974) . This index although different in concept is analogous to the R-square in linear regression models. The result shows that the likelihood ratio for the model associated with the new choice set formation is higher. This represents the significance of the choice set formation approach which is constructed by considering accurate alternative mode information.
(1)
In addition to the likelihood ratio, which is an unintuitive method to compare likelihood based models, in this study, the models are also tested for their prediction potential. Table 6 shows the predictability measures of the simulated models over the 20% test data and the observed data. Mode share is calculated for the observed data and the associated 95% confidence intervals are obtained based on approximate binomial sampling variance estimation through the formulation below:
In which n represents the number of observations for the test sample and N is the total number of trips where the survey is extracted from. N by far exceeds the number n; that is why the term is typically omitted in practical applications. As the predictability result shows, none of these models can predict the mode shares with 95% significance level; however, the model estimated from the new choice set formation results in mode shares closer to the range of the observed mode shares. Most importantly, it shows a better performance in correctly predicting the transit choices as is observed in the test data. Also, in terms of auto and passenger predictions, it seems superior to its counterpart. 
Nested Logit Model
Following the comparison, this section presents a nested logit model developed from the new choice set formation. The Nested logit model, which is an extension of MNL, was introduced by (29) to capture the potential correlation among alternatives. Although IIA is maintained within each nest, it is relaxed to Independence of irrelevant nests (IIN) for alternatives in different nests. This allows variance of errors to differ across the nests, and yet the choice probabilities have a closed-form formula.
The transit modes used for this model cover all the transit agency providers in the greater Chicago region, which makes the use of a nested logit model more interpretable. To develop a mode choice model, first, it was required to select the alternatives that were going to be used in the model. As it was mentioned before, each transit agency targets specific type of trips and spatial location in the region, their fare structure, quality of ride, distance between stations/stops, and many other factors are consistent within each agency. Therefore, it was decided to make each agency as a separate alternative to travelers in addition to walk, bike, auto-drive, and auto-passenger modes. Since the access distance to Metra stations significantly differs from place to place in the suburbs and many people tend to drive to transit stations, while some others simply walk, it was decided to separate these two options as metra-fast and metra-slow, respectively.
Therefore, a three level NL model was developed in this study to explain choice of travel modes. As shown in figure 5 , the tree of the NL model is structured in a way that the upper level has three limbs, which are auto, transit, and non-motorized. The probability of choosing each mode is given by equation 3, assuming a linear-in-parameter function of explanatory variables for the systematic utility, and maximizing the likelihood of occurrence for the sampled observations (30) . In this equation, subscript (n) which denotes person n, is omitted for ease of representation, ( ) is the probability of choosing an upper-level nest (limb), ( | ) is the conditional probability of choosing a lower-level nest (branch) given an upper-level nest, and ( | ) is the conditional probability of choosing an alternative given a lower-level nest, if exists.
In this equation, and are, respectively, given by equations 4 and 5, and is the coefficient of inclusive value (IV), also known as inverse logsum parameter. Likelihood ratio test is also conducted to measure the overall goodness of fit of the model. The NL model has a likelihood ratio index of 66.7 percent, which is higher than 62.3 percent likelihood ratio index of the MNL model. The significant IV parameters shown in Table 7 Adult individuals (over than 20 years old) tend to drive rather than walk and seniors (age>65) prefer the passenger mode. Sign of these coefficients are compatible with these facts. A person who travels more than 1 tour in a day is not willing to take a passenger mode. Obviously, higher density of transit stops encourages people to use transit modes. That is why their signs in both origin and destination zones are positive. In the same manner, increase in access and egress distances of transit modes dispirits people to ride transit modes. People prefer to use transit options for work tours. In contrast, they prefer to drive for shopping tours since these tours usually consist of several legs and they need more flexibility for these trips. Travelers tend to use transit modes rather than driving for trips that are destined to the CBD area during the rush hour. Finally, spending time in traffic jams, scarcity of available parking, and higher fuel consumption are among the factors that discourage people to drive. 
